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Figure 12.1: Geometry of the mammalian heart. In the discussion to follow, the terms endo-

cardium and epicardium will be used to refer to the bounding surfaces of the left ventricular

myocardium.

In this chapter, we describeresearchin the areaof estimationof cardiacmotion
anddeformationfrom medicalimages.We focusprimarily on theuseof 3D mag-
neticresonanceimagesequences,but we will alsodiscusstheapplicationof some
methodsto ultrafastCT and3D echo.

12.1 Intr oduction

The estimationof cardiacmotion anddeformationfrom 3D imageshasbeen
an areaof majorconcentrationin themedicalimageanalysis.In theseproblems,
the imagedatautilized aretypically acquiredin 16 framesconsistingof 10 to 16
sliceseach.Onesuchimageslicethrougha canineheartacquiredusingmagnetic
resonanceimagingis shown in Fig.12.1(aswell asareconstructedlong-axisslice).
In the�gure, we labelmajorareassuchastheleft andright ventriclesandthetwo
ventricularwalls thatboundtheleft ventricularmyocardium(theendocardiumand
theepicardium).Most researchershave focusedalmostexclusively on themotion
anddeformationof the left ventricle. More recently, however, somepreliminary
work onright ventriculardeformationhasalsoappearedin theliterature[1].

The estimationof regional 3D cardiacdeformationis an importantissue,as
ischemicheartdiseaseis a major clinical problem. Myocardial injury causedby
ischemicheartdiseaseis oftenregional. It is thefundamentalgoalof many types
of cardiacimagingandimageanalysisto measuretheregional functionof theleft
ventricle(LV) in aneffort to isolatethelocationandextentof ischemicor infarcted
myocardium.Figure12.2illustratestheeffect of a blockedartery;in this case,the
left-anteriordescendingartery(LAD) hasbeenoccluded.Thereis a changein the
deformationin a local region that is suppliedby the LAD; insteadof the normal
thickening behavior, it actually thins on contraction. Quantitative estimationof
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Normal Left Ventric le Image Sequence

Postocclusion Left  Ventricle Image Se quence

Figure 12.2: Short-axis magnetic resonance images from two 3D acquisitions of a canine

heart. The top sequence was acquired before left coronary anterior artery occlusion and

the bottom sequence postocclusion. The occlusion generates a disruption of the normal

thickening behavior of the myocardium in contraction in the highlighted region. The quanti�-

cation of such parameters from 3D image sequences is the focus of the methods reviewed

in this chapter.

thesechangesis a majorgoalof cardiacimageanalysis,asit will hopefullyallow
for themeasurementof boththelocationandtheextentof theaffectedregion.

In addition,thecurrentmanagementof acuteischemicheartdiseaseis directed
at establishingcoronaryreperfusionand,in turn,myocardialsalvage.Also, under-
standingthephysiologyof theheartis animportantfocusof researchin cardiology,
for theevaluationof varioussurgical proceduressuchastransmyocardialrevascu-
larization[2].

The restof this chapterreadsasfollows: In Section12.2,we brie�y describe
alternative techniquesfor estimatingcardiacdeformation.Thesetendto beinvasive
andinvolvesurgically implantedbeadsor ultrasoundtransducers.Then,in Sections
12.3and12.4,we turn our attentionto currentandpreviousresearchefforts in the
medicalimagingcommunitywith respectto estimatingcardiacmotionanddefor-
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Figure 12.3: Typical placement of arrays of sonomicrometer crystal (or implanted bead)

arrays in the left ventricle. These can produce highly accurate estimates of the deformation

at a small number of locations in the left ventricle.

mation. Typically, any given methodwill combinea setof sparse,noisy, image-
derived and sometimespartial set of displacementestimates(the “data”) with a
modelwhich is usedto simultaneouslysmoothandinterpolatetheseestimatesas
necessary(the “model”). This combinationof “data” and“model” producesthe
resultingdisplacement�eld. Wewill �rst analyzethe“data” componentof thepre-
sentedmethodsin Section12.3 andthe “model” componentin Section12.4. In
Section12.5,we presentin moredetailonemethod,in attemptto illustratebetter
themoregeneraldescriptionsof Sections12.3and12.4.Then,in Section12.6we
turn to the all importanttopic of validation. Finally, in Section12.7 we present
somepossiblefutureresearchdirectionsin this area.

12.2 Invasive approachesto measuringmyocardial deformation

A varietyof work is evidentin thecardiacphysiologyliteraturethatattemptsto
quantitatively measuretransmuralmyocardialstrain.Severalnoteworthy efforts in
particularhave usedsonomicrometers[3–5] andarraysof implantedmarkers(see,
e.g.,[6,7]). For example,Fig. 12.3shows a schematicof a typical implantationof
sonomicrometersin the left ventricle. While acceptedasbeingaccurate,in both
casesonly a sparsenumberof speci�c siteson the LV canbe measured,dueto
the dif�culty in implantingthe sonomicrometersandmarkers. It would be quite
dif�cult to measurea largenumberof sitessimultaneously.

Also, it is possiblethattheseimplanteddevicescanaltermyocardialperfusion
andfunction, althoughthereis little publishedevidenceof this. While many of
thesemeasurementsareperformedin animals,we notethatsomeinterestingmea-
surementsof strainusingmarkershavebeenproducedevenin humans[8]. Finally,
we alsonotethat someresearchershave looked at measuringin vivo strainusing
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attachedstraingauges[9] (asnotedin [10]), althoughlittle hasbeenpursuedalong
theselines.

12.3 Approachesto obtaining estimatesof cardiac deformation from 4D im-
ages

Therearetwo aspectsto this problem;the �rst relatesto the manipulationof
theacquisitionparametersin orderto obtainthemost-usefulimages,andthesec-
ond to the postprocessingof theseimagesfor estimationof cardiacdeformation.
Regardingthe�rst aspect,a signi�cant level of activity hasbeenperformedwithin
themagneticresonanceimaging(MRI) communityregardingthedevelopmentof
MR tagging,andto a lesserextent, MR phasevelocity imaging. The underlying
physicsof thesetechniquesis beyondthescopeof thischapter;theinterestedreader
is referredto a review articleby LeonAxel [11].

Thesecondaspectof this problem,theanalysisof the images,relatesto work
traditionallydonein thecomputervisioncommunity, especiallyin theareasof non-
rigid motionestimation,includingthecaseof variableillumination,segmentation,
andsurfacemapping. A general,althoughsomewhat datedcoverageof the �eld
canbefoundin Horn [12].

In thissection,wefocusontheimage-derivedcharacteristicsusedto obtainthe
initial, somewhat sparse,often noisy and partial displacementsand/orvelocities
thatarecombinedwith a modelto producecompleteanddensedisplacementand
deformationestimates.

12.3.1 Methodsrelying on magneticresonancetagging

In this approach,grid lines at certainpositionscanbe generatedat onepoint
in thecardiaccycle andtheir deformationtracked over a portionof thecycle, pri-
marily usinggatedacquisitiontechniques.The developmentof the grid tagging
approachto the measurementof myocardialstrain hasbeenvigorously pursued
by two groupsin particular— at the University of Pennsylvania [11] andJohns
Hopkins[13] — who aretheoriginal developersof thetaggingideas.Figure12.4
shows anexampleof suchanacquisition.Threeframesareshown; in frame1, the
original tagsarelaid outparallelto theverticalaxis,andthey areshown to deform
with thematerialin thesubsequentframes.

Muchof thesegroups'currenteffortsarefocusedonhow to createdense�elds
of measurementsin 3D by puttingtogetherseveralorthogonaltagginggrid acquisi-
tions.Theirapproachescertainlyshow promise,becauseof theinherentcapability
of includingdiscerniblepatternsthatdeformwith thetissue,but they currentlyhave
the following limitations: (a) it is dif�cult to track the tagsover thecompleteLV
cycle, dueto decayof thetagswith time; (b) multiple acquisitionsarerequiredto
assemble3D information;and(c) it is still quitedif�cult to assemblethedetected
tagsinto a robust3D analysis/display. All of theseproblemsarebeingpursuedag-
gressively by the two primarygroupsmentionedabove, aswell asby a few other
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Figure 12.4: Samples of short-axis (top) and long-axis (bottom) magnetic resonance im-

ages illustrating magnetic resonance tagging at three time points in the cardiac cycle. Cour-

tesy of Jerry L. Prince, John Hopkins University.

institutions(e.g.[14]).
In general,thereseemto bethreedifferentapproachesto estimatinginitial dis-

placementdatafrom magneticresonancetaggingasfollows:

� Taggingin multiple intersectingplanesand using the tag intersectionsas
tokensfor tracking(e.g.[14–16]).

� Taggingin multiple intersectingplanes,andthenfor eachtaggingplanees-
timating the normal direction of motion perpendicularto the plane. This
generatesasenseof partialdisplacements(i.e., thecomponentparallelto the
taglinesis missing)to becombinedlater(e.g.[1,17]).

� Attemptingto modelthe tag fadingover time usinga modelfor the Bloch
equationsand usinga variable-brightnessoptical �o w approachto extract
thedisplacements(e.g.[18,19]).
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Figure 12.5: Reconstruction of three perpendicular tagging planes acquired in different

acquisitions. From Kerwin et al. [15], Courtesy of Jerry L. Prince, John Hopkins University.

Using intersections. Themultiple intersectingplanesareeithergeneratedby im-
posinga tag-gridpatternin a singleacquisition,which canbedoneonly for two-
dimensionalgrid patterns,or by taggingalongdifferentplanesin separateacqui-
sitionsandsuperimposingthe taggedplanesto createthe grid later (seework by
KerwinandPrince[15], Amini [14], YoungandAxel [16], etc.)An exampleof the
laterapproachis shown in Fig. 12.5,from thework of KerwinandPrince[15]. The
underlyingideais to try to generate“material”-markersat the intersectionpoints,
andthenusetheseasthefeaturesfor theoverallmotion-estimationscheme.

Using the whole tag lines. Thesecondapproach,ratherthanusingjust theinter-
sections,tries to usethewholeof the tag lines (planes).(Seework by Haberand
Metaxas[1], or Denney andPrince[17].) This hasthe advantageof beingmore
robust to noisethanthe�rst approach,asit usesmoreof thetagline andcanalso
provide partial informationin regionswheretherearefew intersections.This be-
comesespeciallyuseful in thecaseof the right ventricle[1], wherethe thickness
of theheartwall is muchsmallerandthelikelihoodof having regularly spacedin-
tersectionsis very low. Thepenaltypaidfor this is that,at this original stage,one
cangenerateonly displacementestimatesperpendicularto thetagplane,whichwill
needto beprocessedlaterin orderto generatea full displacement�eld.

In both of the above approaches,in the preprocessingstage,thereis also a
needto identify which of the intersectionsor partsof the tag lines lie within the
myocardiumandthento discardall of the others. This resultsin the needfor at
leastacrudesegmentationof themyocardium;thisis commonlydoneinteractively,
suchasin thework of Guttmanetal. [20], Youngetal. [16] or Kumaretal. [21]. (It
is worth noting,however, thatDenney [22] proposesa new methodthatbypasses
thissegmentationstep.)

Boththetagdetectionstepandthepresegmentationwork, in general,usemeth-
odsbasedon deformablemodels,following theoriginal work by Kass[23]. (See
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Figure 12.6: An example of a low-frequency tagged MRI image. From Thetokis and Prince

[26]. Courtesy of Jerry L. Prince, John Hopkins University.

alsochapter3 andthe review articleby McInerney andTerzopoulos[24].) A de-
formablemodel tries to �nd the curve that minimizesan energy functional that
consistsof an image-basedterm(typically thegradient)andan internalenergy or
smoothnessterm. In theformulationof [23], it hadtheform
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where
�	��
�����

is the imageasa functionof thecoordinates

���

;
�

is thearclength
that parameterizesthe curve; and

�

and
&

are the smoothingparameters.The
gradienttermensuresadherenceto theimagedata,whereasthesecondtermtriesto
keepthecurvesmooth.Thisapproachis modi�ed to allow for differentdeformable
modelgeometries,suchasgrids [21], andfor betterimageadherencetermsusing
someknowledgeof theunderlyingphysics,suchasin thecaseof [25].

Variable-brightness optical �o w methods. In the third case,the whole image
is used,anddataareextractedusinga variable-brightnessoptical �o w approach
on theimageintensity. Sinusoidaltaggingpatternsareprimarily usedin this case,
whichprovide for thesmoothintensity�elds neededfor ef�cient optical�o w com-
putation.SeeFig. 12.6for anexampleof this.

Thevariable-brightness partof thealgorithmis basedon modelingthe fading
of thetagintensityover timeusingamodelof theimagingprocessasgeneratedby
the Bloch equations[18,19]. For example,in the work of Gupta[19], the signal
(brightness)at time ) is modeledas
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where
�/�

is theprotondensity, 0

(

and 0

�

aretherelationtimeconstants,021 is the
repetitiontime, 043 is theechotime, and

!

is the tagmodulationcoef�cient. The
�rst threeparameters(

� � �

0

(
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) arepropertiesof theunderlyingtissue,whereas
thelastthree( 0 1

�
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) aretheacquisitionparameters.In [19], acompositeof the
tissueparametersis estimatedaspartof thedisplacementestimationalgorithm.

As with all intensity-basedmethods,theoriginalestimatesof thedisplacement
�eld consistof thecomponentof thedisplacementsperpendicularto theisophotes,
(this limitation is known astheapertureproblem;seeHorn [12] for details)which
arelater regularizedto producea full displacementestimate.Thequality of these
estimatesare highestin the middle of the wall and can be very noisy near the
myocardialboundaries.Thismethodhastheadvantageof nothaving to detecttags
explicitly, but herethe brightnessvariationparametersmust be either known or
estimated.A roughpresegmentationof theventricleis alsoneededhere,to avoid
smoothingacrossthe boundaries.Thesemethodshave, to the bestknowledgeof
theauthors,beenappliedonly in 2D.

12.3.2 Methodsrelying on phasecontrastMRI

Several investigatorshave employedchangesin phasedueto motionof tissue
within a �x ed voxel or volume of interestto assistin estimatinginstantaneous,
localizedvelocities,andultimatelycardiacmotionanddeformation.While theba-
sic ideaswere �rst suggestedby van Dijk [27] andNayler [28], it wasPelcand
his team[29–31] who �rst bridgedthe techniqueto conventionalcine MR imag-
ing andpermittedthetrackingof myocardialmotionthroughoutthecardiaccycle.
This techniquereliesbasicallyon the fact that a uniform motion of tissuein the
presenceof a magnetic�eld gradientproducesa changein the MR signalphase
thatis proportionalto velocity. In principle,theseinstantaneousEulerianvelocities
canbe derived from eachpixel in an imageacquisition. An exampleof suchan
acquisitionis shown in Fig. 12.7.

However, clustersof pixelswithin regionsof interest(ROIs) aretypically an-
alyzedwhenpredictingpoint-wisemotion,primarily dueto signal-to-noiseissues.
It is worth noting that, aswith MR tagging,accuratelytrackingmyocardialmo-
tion in 3D requiresadditionalimageprocessing,andlittle hasbeenreportedin the
literatureaboutthis problem.Assemblingthedense�eld phasevelocity informa-
tion into a completeandaccurate3D myocardialdeformationmapis currentlya
limiting problemfor this technology. Furthermore,currentphase-contrastvelocity
estimatesneartheendocardialandepicardialboundariesarelessaccurate.This is
dueto thefact that therequiredsizeof anROI — for signal-to-noisepurposes—
is typically large andcan include informationfrom outsidethe myocardialwall.
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Thus,aswith MR tagging,themostaccurateLV function informationis obtained
from themiddleof themyocardialwall, andthe leastaccurateinformationis usu-
ally nearthe endocardialandepicardialwall boundaries.In general,thereseem
to bethefollowing two commonapproachesto extractingusefulinformationfrom
phase-contrastimages:

� Processingthedatadirectly to estimatestrainratetensors,e.g.,[29,32].

� Integratingthevelocitiesover time,via someform of trackingmechanismto
estimatedisplacementse.g.,[33–36].

We alsonotethatShi [37] combinedthephase-contrastvelocitieswith shape-
baseddisplacements[38] within an integratedframework that is basedon contin-
uummechanics.

12.3.3 Computer-vision-basedmethods

Quantifyingthedeformationof theLV canbeseenasa two-stepprocess:�rst,
establishcorrespondencebetweencertainpointsontheLV at time ) andtime )

�+�

;
andsecond,usingthesecorrespondencesasaguide,solve for a completemapping
(embedding)of theLV betweenany two time frames.This problemcanbeposed
for the entiremyocardiumor just portionsof it, suchas the endocardialsurface
alone.Therehasbeenconsiderableeffort, in general,on thesetwo topics,although
rarelyhave they beenaddressedtogether.

Onecommonapproachto establishingcorrespondenceis to trackshaperelated
featureson theLV over timeasreportedby Goldgof[39], Ayache[40], McEachen
[41], andShi [38]. An exampleof suchanapproachin 2D is shown in Fig. 12.8.
The preliminarydisplacementestimateshereare, in general,generatedusingthe
following steps:

� Extracttheendocardialandepicardialsurfacesfrom theimages.

� Calculatethequantitythat is usedastheshapefeaturefrom thesesurfaces.
Thesetendto bethecurvatures;eithertheprincipalcurvaturesasin [38] or
theGaussiancurvature[39].

� Track pointson the surfacesfrom one frame to the next by minimizing a
metricsuchasbendingenergy or differencein curvature.

Then,thedisplacement�eld is smoothed(aswasthecasewith previousmeth-
ods)to producethe�nal outputdisplacements.A validationstudyof shape-based
tracking by comparingtrajectorieswith implantedmarkers was reportedby Shi
et al. in [38], who found that the accuracy of trackingwaswithin the resolution
of the imagevoxel sizes. Another interestingapproachby Tagare[42] posesthe
mappingproblemin 2D asabimorphismbetweentwo curves,thuseliminatingthe
basicasymmetryin thetrackingprocess.Thishasnotbeenextendedto 3D yet.
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Figure 12.7: One slice from a volumetric dataset obtained using magnetic resonance phase

contrast. The magnitude image is shown in the top left image. The other images show the

magnitudes of the velocity in the X, Y, and Z directions, respectively.

In general,all of themethodsheredependon anaccuratesegmentationof the
LV walls, but have the advantageof being imagingmodality independent.They
have beenusedon MR, CT [38], and 3D ultrasound[43]. The dependency on
obtaininganaccuratesegmentation,however, remainsa signi�cant issue,asthere
still areno fully automatedrobustandef�cient LV surfacesegmentationmethods.
Theaccuracy of theLV segmentationneededfor thesemethodsto besuccessfulis
obviously greaterthanin thecaseof methodsusingMR tagging. This is because
the surfacesthemselves provide the features,asopposedto beingboundingsur-
faceswithin which to searchfor intersections.We will examinea shape-tracking
approachin moredetail,in thecasestudyin Section12.5.

Therehasbeensomework doneon usingthe intensityof the imagesdirectly
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Figure 12.8: Example of the shape-tracking approach. The goal is to map the original

surface to the �nal surface. For a point �

�

on the original surface, a window � of plausible

matching points on the �nal surface is generated. Then, the point �

�

in � that has the

most similar shape properties to �

�

is selected as the candidate match point. The distance

function for shape similarity is typically based on the curvature(s).

to track theLV. SongandLeahy[44] usedthe intensityin ultrafastCT imagesto
calculatethedisplacement�elds for abeatingheart.Thisis similarin scopetosome
of thework donewith MR tagging(e.g.,[19]), but it doesnot have theadvantage
of a speciallymodulatedimage.

12.4 Modeling usedfor interpolation and smoothing

In general,theinitial displacement�elds producedby themethodsdiscussedin
theprevioussectionhave thefollowing characteristics:

� They aresparse. Displacementsand/orvelocitiesareonly availableatcertain
pointsandnot for thewholeof themyocardium.

� They arenoisecorrupted. This is an inherentproblemin all medicalimage
analysismethods,althoughthelevel of noiseis verymethoddependent.

� They maybepartial. Evenwheredisplacementsand/orvelocitiesareavail-
able,only acertaincomponentof thedisplacementvectormaybeknown.

The estimationof accuratemyocardialdeformationrequiresa dense,smooth,
andcompletedisplacement�eld. This is becausethedeformationis typically cap-
turedin termsof thestrainthat is a functionof thederivativesof thedisplacement
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�eld. The processof taking derivatives is very noisesensitive, and this is what
makesthis problemso challengingascomparedto simply estimatingthe volume
of theLV which is anintegral measureandhencerelatively lesssensitive to noise.

The interpolationandsmoothingof the displacement�eld hasbeenattacked
in a numberof ways. This stepessentiallyconstitutesthe modelingstep,and it
is data-independent.The modelscontainimplicitly or explicitly the assumptions
madeaboutthedisplacement�eld. All of the“models” currentlyusedin this area
arepassive; they ignorethefact that theheartis anactively contractingorganand
notapassive lumpof tissue.Someof themodelingstrategiesare

� Imposearegularizationconstraintthatpenalizesthespatialderivatives,either
explicitly, as in [17,19,45], or combinedin somecaseswith an isochoric
constraint1 [17,44]. Thisis furtherdevelopedin theuseof explicit continuum
mechanicsmodels,whichbehave asregularizers,asin [1,38,46].

� Model the displacement�eld by using a smoothspatialparameterization
suchasaf�ne [33,47] or splines[14,15]. This methodis usedmostoften
whendisplacement�eld modelingandtagextractionarecombinedin a sin-
glestep,andis drivenby theeaseof parameterizingthegeometry.

� Useof temporalsmoothnessor damping[1,37,42,48] andtemporalperiod-
icity constraints[41].

In a sense,all of theabove methodstry to penalizethe derivativesof the dis-
placement,either in space,time, or both. We note that imposinga polynomial
distribution suchasan af�ne model is equivalent to settingall derivativeshigher
thanacertainorderto zero.This is a limiting caseof penalizingspatialderivatives.

Spatial smoothnessconstraints. The applicationof spatial smoothnesscon-
straintsrelieson the intuition that given that the myocardiumis a singleobject,
its displacement�eld canbe expectedto be smooth. If this is violated,thenthe
tissuewould tearapart. Therefore,high valuesof derivativesin thedisplacement
�eld (or equivalently high frequency componentsof its Fourier transformin the
spatialsense)arelikely to be the resultof noise. This resultsin methodsthatpe-
nalizethespatialderivatives,asin theoptical �o w methodproposedby Horn and
Schunk[49]. In this case,the optimal displacement�eld is found asa trade-off
betweensatisfyingthe gradientconstraint equationanda regularizationterm as
follows:
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1Themyocardiumis consideredto benearlyincompressibleandthe isochoricconstrainttries to
enforcethis incompressibility.



688 CardiacImageAnalysis:Motion andDeformation

wherethe � is the displacementvector �eld over a space



that canbe two- or
three-dimensional,) is time,and

�

representstheimage.
Thegradientconstraintterm

� �

&

�

� �

�����

�

essentiallytries to matchpointsof
equalintensityandis thedataterm,whereasthesumof squaredderivativesmulti-
pliedby thesmoothnessfactor

�

constitutestheregularizingterm.Theregularizing
termcanbethoughtof asamodelterm,asit containsnoimage-relatedinformation.
It capturestheauthors'prior belief in thepropertiesof thedisplacement�eld.

This framework is usedin many of theapproachesdescribedearlier, although
it is adaptedto eithermatchthedataor theprior information.For example,in the
caseof thevariable-brightness optical�o w method[18,19], thegradientconstraint
termis replacedby adifferentmeasurethatallows for thefadingin thetagpattern.
In a moregeneralcase,thegradientconstrainttermcanbereplacedby an image-
dataadherenceterm.This termtriesto �nd a displacement�eld thatstayscloseto
somepre-existing displacementestimatesobtainedby usingapproachesdescribed
in Section12.3.For example,if anestimate�

�

of thedisplacement�eld exists,we
couldmodify theHornandSchunkframework asfollows:
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Wecanexpandon this modelby alsousinganisochoricconstraintthattriesto
penalizevolumechanges,aswasdonein [17,44]. Thistakestheform

� �

� �

�

�

andis
motivatedby thefactthatthemyocardium— like mostsoft tissue— is thoughtto
beapproximatelyincompressible2. Alternativesalsoincludetheuseof thin-spline
energy terms[15] or b-splineterms[14].

The combinationof the smoothnessand isochoric terms describesthe my-
ocardiumin termsof what is essentiallyan internalenergy function. Continuum
mechanicsmodelsof themyocardiumasfoundin thebiomechanicsliterature[50]
are also describedas internal energy functions,which also essentiallypenalize
derivatives. So, it is a naturalstepat this point to try to bring someof this know-
ledgeinto the inverseproblemof motion estimation. To do this, the regulariza-
tion term is replacedby an explicit mechanicalmodel,which in mostcasesis an
isotropiclinearelastic[1,37,48] andin thecasestudywewill considerit astrans-
verselyisotropic.This allows for usto accountfor thepreferentialstiffnessof the
myocardiumalongthe �ber directions. It is interestingto notethat, from contin-
uummechanicstheory[51], aninternalenergy functioncandescribearealmaterial
if andonly if it is invariantto rigid translationandrotation;otherwise,this mate-
rial violatesthesecondlaw of thermodynamics.It canbeshown that theclassical
modelof HornandSchunkis not invariantto rotationandwould fail thiscriterion.
This is derivedin theAppendix.

2Thereis in factsomechangein volume,dueto blood�o w (reperfusion)into thewall, but this is
consideredto besmall.
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If wediscretizeEq.(12.4),differentiateit with respectto � , andconcatenateall
theindividual displacements� into a largevector

�

, we canwrite thegeneralized
expression:

� ���

�

��� �

(12.5)

where
�

is the assembledmatrix of local derivative operators(as in [23]) and
is sparse.This containsthe modelconstraintsthat canbe derived either from a
regularizationterm or an explicit continuummechanicsmodel.

�

is the external
driving force that tries to deform the model to adhereto the imagedata. This
equationis mosteasilysolved usingthe �nite elementmethod[52] , in casesof
complex geometryandespeciallyin threedimensions.

Temporal smoothnessconstraints. Therearetwo typesof temporalsmoothness
constraintsin theliterature.In the�rst case,we have anexplicit temporal�ltering
schemeappliedto individual displacements.This is primarily, but not exclusively,
donein thecasewheretheinputdatais derivedfrom phasecontrastvelocity. In the
work of Meyer [33], a Kalman-�ltering approachis usedto smooththe displace-
ment�eld. Zhu[35] andMcEachen[41] parameterizetheproblemin thefrequency
domainby expandingthedisplacementof anindividual pointover time in termsof
Fourier seriesand try to take advantageof the periodicity of the left-ventricular
motion.

The secondcaseinvolvesextendingEq. (12.5) to includedynamics.This re-
sultsin thefollowing generalizedexpression:

�	� �

��
�

�

�

�

�

�����

(12.6)

where
�

is a massmatrix and



is a dampingmatrix. This approachalsoresults
in a form of temporalsmoothing,which is motivatedby similarapproachesin con-
tinuummechanics.In the work of Park et al. [48], this wasreducedto


��

�

���

by ignoringthemassmatrix andsettingthestiffnessto 0. In [1], thestiffnessterm
is alsopreserved. Thefull dynamicalmodelis employed in Shi [37]; in this case,
bothshape-baseddisplacementsandphase-contrastvelocity informationareused.
The full dynamicalmodel is alsousedin work donein the computervision and
graphicscommunitiesby MetaxasandTerzopoulos[53].

We notethatPentland[54] andNastar[55] alsousethis approachand,by ig-
noring thedampingterm,reduceit to a modal�nite elementequation,which pa-
rameterizesthedeformationin termsof theeigenmodesof thestiffnessmatrix

�

.
In bothof theseapproaches,however, thereis noexplicit notionof correspondence
betweenmaterialpoints,andthedisplacementsarefoundusinga globaldistance
measure.
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12.5 Casestudy: 3D cardiac deformation

In orderto furtherclarify themoregeneralstatementsof theprevioussections,
in this sectionwe describeoneapproachto estimatingtheregionaldeformationof
theleft ventriclefrom magneticresonanceimages.It hasbeenpreviously reported
in [43,46]. Weuseabiomechanicalmodelto describethemyocardiumandshape-
basedtrackingdisplacementestimatesontheepi-andendocardialwallstogenerate
the initial displacementestimates.Theseareintegratedin a Bayesianestimation
framework, andtheoverallproblemis solvedusingthe�nite elementmethod.This
methodproducesquantitativeregional 3D cardiacdeformationestimates.We also
show resultsfrom 3D ultrasounddatathatillustratestheversatilityof thisapproach.

12.5.1 Obtaining initial displacementdata

In thiswork,weusedbothmagneticresonanceandultrasoundimagesthatwere
acquiredasfollows:

MR images. ECG-gatedmagneticresonanceimagingwasperformedon a GE
Signa1.5Teslascanner. Axial imagesthroughtheLV wereobtainedwith thegra-
dientechocinetechnique.Theimagingparametersweresectionthickness= 5 mm,
no intersectiongap,40 cm �eld of view, TE 13 msec,TR 28 msec,�ip angle30

�

,
�o w compensationin thesliceandreadgradientdirections,

�������

�

���

matrix,and
2 excitations.Theresulting3D imagesetconsistsof 162D imageslicespertempo-
ral frame,and16 temporal3D framespercardiaccycle. Thedogswerepositioned
in the magneticresonancescannerfor initial imagingunderbaselineconditions.
Theleft anteriordescendingcoronaryarterywasthenoccluded,creatinganinfarct
region wheretherewasmechanicaldisfunction,anda secondsetof imageswas
acquired.An exampleof suchanacquisitionwasshown in Fig. 12.2.

Ultrasound. TheimageswereacquiredusinganHPSonos5500UltrasoundSys-
tem with a 3D transducer(TransthoracicOmniPlane21349A(R5012)). The 3D
probewas placedat the apex of the left ventricle of an open-chestdog using a
small ultrasoundgelpad(Aqua�ex) as a standoff. Eachacquisitionconsistedof
13 to 17 framesper cardiaccycle dependingon the heartrate. The angularslice
spacingwas5

�

, resultingin 36 imageslicesfor eachframe.

Image segmentation. Theendo-andepicardialsurfaceswereextractedinterac-
tively usinga softwareplatform[56]. This platformwasoriginally developedfor
MR imagedataandsubsequentlymodi�ed to allow for thedifferentgeometryand
imagecharacteristicsof ultrasound.For the automatedpart of the segmentation,
we usedanintegrateddeformableboundarymethodon a slice-by-slicebasis.The
externalenergy function of the deformablecontourconsistedof the standardin-
tensitytermand,in thecaseof ultrasoundimages,a texture-basedtermsimilar to
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End-Diastole

End-Systole 3D wireframe in ima ge cards rendering

Figure 12.9: Ultrasound images and superimposed extracted contours. Only two of the

eight frames are shown. The 3D rendering on the right shows all the wire-frame contours

superimposed on a long axis (original) and a short-axis (interpolated) image slice.

the integratedmethodproposedin [57]; althoughin our case,the contourswere
parameterizedasb-splinesto allow for easyinteraction.

Shape-trackingdisplacementestimates. In thiswork, theoriginaldisplacements
ontheoutersurfacesof themyocardiumwereobtainedby usingtheshape-tracking
algorithmfor which detailswerepresentedin [38]. Themethodattemptsto track
pointson successive surfacesusingashapesimilarity metricthattriesto minimize
the differencein principal curvatures,and was validatedusing implantedmark-
ers[38].

For example,considerpoint �

(

on a surfaceat time )

(

, which is to bemapped
to a point �

�

on thedeformedsurfaceat time )

�

. First, a searchis performedin a
physicallyplausibleregion �

�

on thedeformedsurface,andthepoint
�

�

�

thathas
the local shapepropertiesclosestto thoseof �

(

is selected.Theshapeproperties
arecapturedin termsof theprincipalcurvatures�

(

and �

�

. Thedistancemeasure
usedis the bendingenergy requiredto benda curved plateor surfacepatchto a
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newly deformedstate.This is labeledas
�

��� andis de�ned as
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� (12.7)

Thedisplacementestimatevectorfor eachpoint �

(

, �

�

(

is givenby
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Con�dence measuresin the match. Thebendingenergy measurementfor all of
thepointsinsidethesearchregion �

�

arerecordedasthebasisfor measuringthe
strengthanduniquenessof thematchingchoices.Thevalueof theminimumbend-
ing energy in thesearchregion betweenthematchedpointsindicatesthegoodness
of thematch.Denotingthis valueas ��� , we have thefollowing measurementfor
matchinggoodness:

���

�

�

(

� �

�

���

�

�

(

�

�

�

�

�

� (12.8)

On theotherhand,it is desirablethatthechosenmatchingpoint is a uniquechoice
amongthecandidatepointswithin thesearchwindow. Ideally, thebendingenergy
valueof the chosenpoint shouldbe an outlier (muchsmallervalue)comparedto
the valuesof the restof the points. If we denotethe meanvalueof the bending
energy measuresof all thepointsinsidewindow �

�

exceptthechosenpointas �

�

���

andthestandarddeviationas ���

��� , wede�ne theuniquenessmeasureas
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�

�
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�

���

�

�

(

�

�

�

�

�

�

�

���

�

�

�

���

� (12.9)

This uniquenessmeasurehasa high value if the bendingenergy distance
�

��� to
thechosenpoint is largecomparedto somereferencevalue(meanminusstandard
deviation of theremainingbendingenergy measures).Combiningthesetwo mea-
surestogether, we arrive at onecon�dencemeasure �

�

�

�

(

�

for thematchedpoint
�

�

�

of point �
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(12.10)

where
�

(��

�

�

�

�
�

�

�

�

(��

� , and
�

�
�

� arescalingconstantsfor normalizationpurposes.
Wenormalizethecon�dencesto lie in therange0 to 1.

Modeling the initial displacementestimates. Givenasetof displacementvector
measurements�

�

andcon�dencemeasures�

�

, we modeltheseestimatesproba-
bilistically by assumingthat thenoisein the individual measurementsis normally
distributedwith zeromeananda variance�

�

equalto
(

���
. In addition,we assume
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thatthemeasurementsareuncorrelated.Giventheseassumptions,wecanwrite the
measurementprobabilityfor eachpointas

�

�

�

�

�

�

�*�

�

�

���

�

�

�

	��������

�
	

�

���

�

� (12.11)

12.5.2 Modeling themyocardium

Thepassive propertiesof theleft-ventricularmyocardiumarecapturedusinga
biomechanicalmodel.Weuseananisotropiclinearelasticmodel,which allows us
to incorporateinformationaboutthepreferentialstiffnessof thetissuealong�ber
directionsfrom [58], which areshown in Fig. 12.10. The model is describedin
termsof aninternalor strainenergy function.

De�nition of strain. Considera body 

��� �

, which after time ) movesandde-
formsto body 

�

)

�

. A point X on 

��� �

goesto a point



on 

�

)

�

andthe trans-
formationgradient

�

is de�ned as
�


 � �

���

. The deformationis expressedin
termsof thestraintensor� . Becausethedeformationsto beestimatedin this work
arelarger than5%, we usea �nite strain formulationimplementedusinga loga-
rithmic strain ��� , which is de�ned as �

�����

�

�

�

�

&

. Sincethe straintensoris a
� ���

symmetricsecond-ranktensor(matrix), we canrewrite it in vectorform as�#�

�

�

(.(

�
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�������

(
�

�

(

���

�

�

�

&

. Thiswill enableusto expressthetensorequationsin
amorefamiliarmatrixnotation.

Strain energy function. The mechanicalmodel can be de�ned in termsof a
strain energy function. The simplestuseful continuummodel in solid mechan-
ics is the linear elasticonethat is of the form �

� 
 �

�

� � �"�

�

�

&


 � �

�

�

, where



is a
� � �

matrix andde�nes the materialpropertiesof the deformingbody, and� �

�

�

is thestrainvectorthatis a functionof thedisplacement.Theleft ventricleof
theheartis speci�cally modeledasatransverselyelasticmaterialto accountfor the
preferentialstiffnessin the�ber direction,by usingthismatrix
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where >@? is the �ber stiffness, >BA is cross-�ber stiffness, C-?
A

�

CDA are the corre-
spondingPoisson's ratios, and EF? is the shearmodulusacross�bers. ( EG?IH

> ?�J

�

�

� � �

CK?
A

���

). If >@?

�

>�A and CLA

�

CK?
A
, this model reducesto the more

commonisotropiclinearelasticmodel. The�ber stiffnesswassetto be
�

�

�

times
greaterthanthecross-�berstiffness[58]. ThePoisson's ratioswerebothsetto

�

�NM

to modelapproximateincompressibility.
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Figure 12.10: Fiber direction in the (canine) left ventricle as de�ned in Guccione et al. [58].

A probabilistic description of the model. As previouslydemonstratedby Chris-
tensenetal. [59], thereis acorrespondencebetweenaninternalenergy functionand
a Gibbsprior. If themechanicalmodelis describedin termsof aninternalenergy
function �

� 
 �

�

�

, where



representsthematerialpropertiesand � thedisplace-
ment�eld, thenwe canwrite anequivalentprior probabilitydensityfunction �

�

�

�

[seeEq.(12.14)]of theGibbsform:
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� (12.13)

12.5.3 Integrating thedataandmodelterms

Having de�ned both the data term [Eq. (12.11)] and the model term [Eq.
(12.13)] in termsof probability densityfunctions,we naturallyproceedto write
the overall problemin a Bayesianestimationframework as follows: Given a set
of noisyinput displacementvectors�

�

, theassociatednoisemodel�

�

�

�

�

�

�

(data
term), and a prior probability densityfunction �

�

�

�

(model term), �nd the best
outputdisplacements

�

� that maximizethe posteriorprobability �

�

�

�

�

�

�

. Using
Bayes'rulewe canwrite
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Theprior probabilityof themeasurements�

�

�

�

�

is aconstantoncethesemeasure-
mentshave beenmadeandthereforedropsoutof theminimizationprocess.
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Taking logarithmsin Eq. (12.14)and differentiatingwith respectto the dis-
placement�eld � resultsin a systemof partial differentialequations.Whendis-
cretized,this systemof equationshasthe sameform as Eq. (12.5), with the

�

matrix beinga functionof themechanicalmodelandthegeometryand
�

a func-
tion of thedatavariances.This is solvedusingthe�nite elementmethod[52]. The
�rst stepin the�nite elementmethodis thedivisionor tessellationof thebodyof in-
terestinto elements;thesearecommonlytetrahedralor hexahedralin shape.Once
this is done,thepartialdifferentialequationsarewritten down in integral form for
eachelement,andthenthe integral of theseequationsover all of the elementsis
takento producethe�nal setof equations.For moreinformation,oneis referredto
textbookssuchasBathe[52] . The�nal setof equationsis thensolvedto produce
theoutputsetof displacements.

For eachframe betweenend-systole(ES) and end-diastole(ED), a two-step
problemis posed:(a)solvingEq.(12.14)and(b) usingamodi�ed nearest-neighbor
techniqueto map the positionof all points on the endo-and epicardialsurfaces
so they lie on the endo-and epicardialsurfacesat the next frame, and solving
Eq. (12.14)oncemoreusingthis addedconstraint. This ensuresthat thereis no
biasin theestimationof theradialstrain.

12.5.4 Results

In this section,we presentresultsfrom theapplicationof this methodologyon
multiple (16) setsof multiple time-framesequencesof in vivo left-ventricularMR
images.Theseconsistedof eightcanineexperimentswhereimageswereacquired
beforeandafter coronaryocclusion. Thesewill be referredto asthe normaland
postocclusionstudies.We alsopresentsomemorepreliminaryresultsfrom three
canineexperimentsusingultrasoundimages.Of these,onewasanormalstudyand
theothertwo werepostocclusionstudies.

In bothcases,theimagesweresegmentedinteractively using[56] andthesur-
facessampledto

�

�

�

voxel resolution,atwhichpointcurvatureswerecalculatedand
the shape-trackingalgorithmwasusedto generateinitial displacementestimates.
The heartwall wasdivided into 1,000–2,000hexahedralelements(dependingon
thegeometry),andtheanisotropiclinearelasticmodelwasusedto regularizethe
displacements.Thecomputationaltime afterthesegmentationwason theorderof
2–4hrs/dog(dependingon theheartrateandhencethenumberof imageframes)
on a Silicon GraphicsOctanewith an R10000195 MHz processorand128 MB
RAM.

For the purposeof analyzingthe results,the left ventricle of the heartwas
divided into a numberof cross-sectionalslicesdependingon its sizeandthepost
morteminformationto which it wascompared.Slice1 waslocatedat thebottom
or apex of theventricle. Eachslicewasfurthersubdivided into 4 or 8 sectors;an
exampleis shown in Fig. 12.11.
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(a) Three-dimension al rendering of 
left ventricle with  sectors shown 

in alternating colo rs .
(b) Cut-slice showi ng numbering of sec tors

used in reporting b oth blood flow and strains .
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Figure 12.11: Typical division of the left ventricle into slices and sectors for the purpose of

reporting results.

Normal MRI preocclusionresults. For reportingpurposes,theleft ventriclewas
divided into threeslices,eachconsistingof four sectors.We observed uniformity
of radial (R) andcircumferential(C) strains(ranges:

�

� �

��� ���

to
�K�������

;
 � �	�

� ���

to
� �

�
� ���

). Regional LV strainsandshearswereconsistent
amongdogsandcomparableto valuesderived usingboth implantedmarkersand
MR tagging[60]. An exampleof radialstraindevelopmentis shown in Fig. 12.12.

PostocclusionMRI results. Here, the ventricle was divided to have the same
numberof slicesastheoriginal images,soasto correspondwith postmortemhisto-
chemicalstainingmapsof theactualinjury zone.Eachslicewasfurthersubdivided
into eightsectors.Thehistochemicalstainingmapswereusedto labelthesesectors
asoneof four categories:infarcted(INF), mixed(MIX), adjacent(BD), andnormal
(NL). Given the relative uniformity of the radial andcircumferentialstrainsfrom
thenormaldataset,we testedwhetherany of thestraincomponentsasestimated
in thepostocclusionstudiescouldbeusedto discriminatebetweenthesedifferent
classes(INF, MIX, BD, NL). Wefoundthatthecircumferentialstraindiscriminated
all myocardialregionsto alevel of signi�cance �

�

�

�

�

. Thisdemonstratedthatthis
methodologycanbe appliedto discriminatedifferentregionsnoninvasively. This
is illustratedgraphicallyin Fig. 12.13.An exampleof radialstraindevelopmentin
apostocclusionheartis shown in Fig. 12.14.

Ultrasound results. In two of thethreestudies,a coronaryocclusioncreatedan
areaof disfunctionthatwe call therisk area.Regionalblood�o w in theheartwall
wasdeterminedusinga radio-labeledmicrospheretechnique[61]. Theblood-�ow
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Frame 1 (ED) Frame 3 

Frame 5 Frame 7

Frame 9  (ES )

Radial strain with respect
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0% 30%

Scale: positive str ain defined
as thickening.

Figure 12.12: Radial strain development in a section of a normal left ventricle, as estimated

from MRI data. Normal behavior is exhibited, which is thickening (red). The strain pattern is

calculated throughout the left ventricle, but it is harder to visualize the full 3D picture, so a

2D cut is shown instead. (For a color version of this Figure see Plate 15 in the color section

of this book.)
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Figure 12.13: Plot showing average circumferential strain for different functional zones, as

estimated from eight postocclusion MR data sets. The zones were identi�ed using post-

mortem information

measurementsare usedto identify the risk areaand play no further role in this
work. Theheartwasdividedinto four slices,andeachslicewasfurthersubdivided
into eightsectors,asshown in Fig. 12.11.A sectorwaslabeledasbeingin therisk
areaif theendocardialmircrosphere�o w waslessthan0.25ml/min/g. Thenormal
regionwasde�ned by � vetransmuralsectorslocatedin theposteriorlateralwall at
thebaseof theheart(sectors5, 6, 7 of the basalslice,andsectors6 and7 of the
midbasalslice). In thenormalterritory, theaveragestrainswereradial

� �

�

�

�

and
circumferential

� �
�

�NM

�

; this is in thesamerangeasthevaluescalculatedfor the
MR-normaldogs. Differenceswerealsoobserved betweennormalandrisk-area
territories;theinterestedreaderis referredto [43] for thedetails.

12.6 Validation of results

The validationof LV motion anddeformationresultsis an extremely impor-
tant andoften neglectedaspectof thework in the general�eld of medicalimage
analysis.In general,we needto addressthefollowing questions:

� Doesthe imaging modality producean accuratepictureof the underlying
geometryand/ordisplacementandvelocity?

� Doestheanalysisalgorithmextractthesedataaccuratelyandreliably?

� Are the resultsmeaningfulfor clinical and/orphysiologicalpurposes?Do
they discriminatebetweenhealthy/disfunctional regions?
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Frame 1 (ED) Frame 3 

Frame 5 Frame 7

Frame 9  (ES )

Radial strain with respect
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0% 30%

Scale: positive str ain defined
as thickening.

Figure 12.14: Radial strain development in a section of a postocclusion left ventricle, as

estimated from MRI data. Note the infarct region on the right colored as blue-green. Com-

pare the change from Fig. 12.12. (For a color version of this Figure see Plate 16 in the color

section of this book.)
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End-Diastole End-Systole

0% 30%-30%

Figure 12.15: A long-axis cut-away sectional view of the left ventricle showing circumferen-

tial (top) and radial (bottom) % strain development in a dog, as derived from 3D ultrasound

data, following left anterior descending coronary artery occlusion (on the lower right half

of the heart). Note the normal behavior in the left half of the heart. There was positive

radial strain (thickening) and negative circumferential strain (shortening) as we move from

end diastole to end systole. The lower right half of the heart, where the affected region

was located, showed almost the opposite behavior, as expected. (For a color version of this

Figure see Plate 17 in the color section of this book.)
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Figure 12.16: MR image of gel phantom with SPAMM (tag) stripes in undeformed state.

From Kraitchman [62]. Courtesy of Leon Axel, University of Pennsylvania.

In general,the�rst two questionsaredif�cult to addressin vivo. Often,phan-
tomsareusedwith known shapesanddisplacements,sothereis groundtruth infor-
mationwith which to compareany measurements(e.g.,[34,62]). An exampleof
this is shown in Fig. 12.16. In Young[63], it wasshown that,away from the free
surfacesof the gel-phantom,a Rivlin-Mooney [51] analyticmodelaccuratelyre-
producedthe2D displacementof magnetictags.This showedagreementbetween
thetheory(model)andtheimage-deriveddisplacements.However, therealin vivo
measurementof thebeatingheartusuallypresentsadditionalcomplexities that in-
troduceproblemsnotusuallyaccountedfor in phantoms,suchasfull andcomplex
3D motionandfastblood�o w throughtheventricle. Thesecangenerateartifacts
in theimagesandcausesigni�cant distortions.

The secondquestionhasbeenattacked in approachesbasedon MR tagging
(e.g., [1, 14,18]) using simulations. One example,shown in Fig. 12.17,usesa
kinematicmodelof the left ventricularmotion [64] within anMR tag imagesim-
ulator [65] to generatesyntheticimageswith known displacements.Comparison
with manualextractionhasoften beenusedas the gold standardto validatethe
processof tagextraction,asin [62].

In the shape-trackingwork of Shi [38], implantedmarkers are usedas the
gold standard. Thesemarkers are physically implantedin the myocardiumbe-
fore theimaging.An MR imageof aheartwith theimplantedmarkersis shown in
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Figure 12.17: Example of the use of the cardiac simulator [64,65] used to validate methods

based on MR tagging. Left: the undeformed prolate spheroidal model of the LV in the

reference state. Right: a tagged image corresponding to a selected image plane. From

Amini [14]. Courtesy of Amir A. Amini, Washington University, St Louis.

Figure 12.18: 2D MR image slice of left ventricle with implanted markers used to validate

shape-based displacement estimates. From Shi [38].
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Fig. 12.18.Thisapproachto validationtriesto attackthe�rst two questionssimul-
taneously. Here,algorithm-generateddisplacementsarecomparedto the marker
displacements(theseareeasilyidenti�able from the images).This techniquehas
thedisadvantageof comparingtrajectoriesin asmallernumberof points;however,
it is doneon realdata,asopposedto simulations.

Thethird questionis notaddressedmuchin theimageanalysisliterature,quan-
titatively. Often, an exampleof the resultson a normalanda hypertrophicheart
is shown andthedifferences“correlated”with otherevidencefrom thecardiology
literature. It is known from both work reportedin the casestudy in this chapter
(seeSection12.5)andfrom thework of Croisille et al. [60], that,on average,the
changesbetweennormalandabnormalregionsin termsof radialandcircumferen-
tial strainsis on theorderof 10–15%, andmuchsmallerin thecaseof borderline
regions. A quick calculationshows that in the caseof MR-tagging-basedwork,
wherethetagsaretypically 5 voxelsapartat end-diastole,thechangein thespac-
ing at end-systoleis going to be around0.5 voxels or less. In the caseof shape-
basedmethodswherethewholeof theventricleis used,this numberis somewhat
larger(around0.8voxels). If suchchangesareto bedetectedreliably, andwewere
to ignoreaccumulatedtrackingerrorsafter the tagsand/orboundarieshave been
extracted,we needto beableto extract tags/boundariesat a precisionof 0.25–0.4
voxel or less.This is currentlybeyondtheperformancelevel of all automaticalgo-
rithmson realdata;hence,manualandsemiautomaticalgorithmsareusedin most
cases.In boththecasestudyand[60], thereportedresultsareaveragedoveranum-
berof studies.This maybe usefulfor exploring the physiologybut not plausible
for diagnosis,unlesstheresultsareaveragedover largesectionsof theventricle.

12.7 Conclusionsand further research dir ections

Themajorproblem/bottleneckin mostof thework presentedin this chapteris
theextractionof featuressuchastag linesandespeciallyleft ventricularsurfaces
from the imagedata. As mentionedin theprevioussection,thereis a relianceon
manualandsemiautomatictechniquesto obtainthisinformation.Anotherproblem,
which is lessan issueof imageanalysisand more an issueof medical imaging
technology, is thedif�culty of usingmagneticresonancein a clinical setting.It is
not possibleto imagepatientsin an emergency room (asis the casefor example
with ultrasound),andmetallicobjectssuchaspacemakerscauseseriousproblems
anddangerswhenplacedin themagnet.

As mentionedearlier, mostof themodelsusedto smoothand/orinterpolatethe
displacement�eld arepassive; they do notcontainany active contractioninforma-
tion. This canresultin anunderestimationof thedeformation,asthemodelbiases
the resultstoward no change.This wasnotedin thework of Park [48] andis the
reasonwhy nospatialsmoothnesswasemployedthere.This,however, is notasuf-
�cient solutionto theproblem,assomespatialsmoothingis oftenneededto cope
with thenoisein thedataandthesparsenessin theimageinformation.A possibly
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bettersolutionwould be to incorporatesomeknowledgeof theactive contraction
of theleft ventricleduringthe�rst half of thecardiaccycle. This hasthepotential
of eliminatingthebiasproblem,althoughit would introducemoreparametersto be
setor ideallyestimatedfrom theimagedata.

Magneticresonancerepresentsa promisingmodality andthe developmentof
improved analysistechniqueswill enhancethe possibilitiesof it beingusedclin-
ically. In the meantimewe notethat improvementsin 3D echotechnology, such
asthe introductionof harmonicimaging[66] andcontrastagents[67], arebegin-
ning to make this modalityanattractive andsomewhatcheaperalternative. Some
preliminarywork hasbeenreportedin thecasestudy(seealso[43].) However, seg-
mentingultrasoundimagesis averychallengingproblemwhosesolutionwill most
likely requiretheuseof temporalaswell asspatialinformation. Someinteresting
feature-extractionwork wasreportedin [68].

12.8 Appendix A: Comparisonof mechanicalmodelsto regularization

In this appendix,we explicitly comparetheinternalenergy functiongenerated
by isotropiclinearelasticitywith theequivalentenergy functiongeneratedby the
HornandSchunkregularizer, asshown in Eq.(12.4).

Isotropic linear elasticity. Theinternalenergy functiongeneratedby linearelas-
ticity hastheform:
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where
�

is the strain tensorwritten in vector form and



is the matrix of elastic
properties.(SeealsoSection12.5.2in thecasestudy.) In thecaseof in�nitesimal
linearelasticity, thestraintensor� is de�ned as
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The strain is the symmetriccomponentof the displacementto positionJaco-
bian.Sinceit is asymmetric
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matrix,wecanrewrite it in vectorform as
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We canalsode�ne the complementtensor )��

�

)�� , which is the small rotation
tensor, astheantisymmetriccomponentof this Jacobian.Similarly, we write this
in vectorform as
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Theprincipleof materialframeindifference[51] statesthattheinternalenergy
functionmustbe invariantto rigid translationandrotation. A suf�cient condition
is thatit mustbea functionof � andnota functionof � .

Relationbetweenregularizationand linear elasticity. Theinternalenergy func-
tion usedby HornandSchunkcanberewrittenas

�

�

� � � �

�

� & � � �

�

�

� (12.19)

This is a function of the small rotationvectorandhencedoesnot satisfy the
principle of materialframe indifference. So this “mechanical”model is unreal-
izable,which meansthatno materialcouldexist with this strainenergy function.
This is becauseit contradictsthesecondlaw of thermodynamics,sincetheinternal
energy function is not a function of the deformationalonebut alsoa function of
therotation � . If theinternalenergy changeswhena globalrotationis applied,we
arrive at the following problem:Supposethatwork is neededto rotatetheobject
clockwise.Fromconservationprinciples,thisenergy will bereturnedwhentheob-
ject is turnedcounter-clockwise.Wecankeepturningtheobjectcounter-clockwise
to getmoreandmoreenergy, andin this way we have createda perpetualmotion
machine.

Therefore,onecouldde�ne all realizablemechanicalmodelsasthesubsetof
regularizationfunctionalsthatareinvariantto globaltranslationandrotation.View-
ing theproblemin this way doesnot make �nding a modelnecessarilyeasier, but
it doesprovide away to eliminateinadmissiblemodels.
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